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Introduction
Regular aerobic exercise provides beneficial changes to the cardiovascular system [1, 2] , being characterized by mechanical, autonomic, and electrophysiological remodeling. Mechanical remodeling, usually related to aerobic exercise training, is characterized by mild to moderate increases in left ventricular mass and volume [3] [4] [5] [6] . Autonomic remodeling is observed in reduced resting heart rates and increases in cardiac autonomic modulation [7] [8] [9] [10] [11] [12] . Additionally, electrical changes are characterized by the redistribution of electrical charges on myocardial surfaces, as indicated by increases in both ventricular activation amplitude and repolarization times, which are observed in the resting electrocardiogram waveforms of athletes [13] [14] [15] [16] [17] .
While mechanical remodeling is more directly related to cardiovascular fitness, electrical remodeling during periods of increased fitness activity has been less commonly investigated, most likely because of methodological limitations [18] . Thus, an increase in the maximum aerobic power in healthy subjects has been shown to be related to an increase in left ventricular mass [19] . Marocolo et al. (2007) demonstrated a positive correlation between the estimated VO 2MAX and the high frequency amplitude of ventricular activation, which was derived from the high-resolution electrocardiogram (HRECG). This finding indicates a potential application of this method for studying cardiovascular fitness [11] .
In a recent study, to detect intra-QRS high-frequency potentials, Nasario-Junio et al. HRECG signal assessment based on a principal components (PC) analysis [20] . PC analysis is a statistical technique employed to study data variability and provides a privileged data set view [21] . PC analysis is performed on a database composed of data segments with equivalent time durations extracted from several synchronized signals [22] . The morphological classification of cardiac waveforms based on PC analysis, in which a subset of components serves as indices employed to detect intra-QRS highfrequency transients, can be used to identify greater energy potentials alongside ventricular activation.
The purpose of this study was to investigate the PC analysis of unfiltered HRECG in athletes and healthy sedentary subjects such that intra-QRS transients can be assessed as markers that correlate electrical remodeling to physical fitness.
Methods

Study population
The analyzed signals were extracted from an existing HRECG database as described previously [11] . The study protocol was approved by the National Institute of Cardiology Ethics Committee, and informed consent was obtained from each volunteer. Fourteen elite runners ([mean 7 SD] 8.9 73.2 years of training; 6-8 training sessions/week; 90-120 min/session; 90-110 km/week) were enrolled (Athlete group).
A group of 14 healthy volunteers were included as controls (Control group). Inclusion criteria required an age between 18 and 40 years old, good mental and physical health, and no previous history of cardiovascular disease. Both groups had identical gender distribution. None of the study subjects had a history of lower limb musculoskeletal injury diseases that could affect results. Additionally, all participants met the following criteria: (i) no intake of nutritional supplements or potential ergogenic aids of any type (e.g., exogenous anabolic androgenic steroids); (ii) non-smokers; (iii) normal blood pressure; (iv) non-diabetic; (v) no history of alcohol addiction; (vi) no history of thyroid dysfunction; (vii) not taking medications that affect cardiac electrical properties and (viii) familiarization with the exercises used in the evaluation. The subjects participating in the present study were slightly younger, but had similar anthropometric characteristics and gender distribution as those in the studies used as references in the sampling procedure (Table 1) to be converted into metabolic equivalents (METs). The Control and Athlete groups were separated according to VO 2MAX as determined by the Cooper test, arbitrarily defined as less than 11.5 METs for controls and more than 16.0 METs for athletes (to separate both groups and to characterize sedentary and top athletes). The gap between groups was defined a priori with the purpose of enhancing eventual differences in the HRECG parameters caused by the conditioning level [3] .
Physical assessment procedures
The athletes discontinued training 24 h before testing and fasted for 4 h before signal recording (all ECG signals were acquired in a quiet and air-conditioned environment, with a temperature of 25 1C72 1C, between 8:00 and 11:00 am). All subjects replied to a questionnaire about age, health condition, use of medication, and physical activities; their height, weight, anteroposterior and laterolateral thoracic diameters were measured under the supervision of a primary care physician. Both groups comprised 14 subjects matched by age, gender and body surface area (Table 1) calculated by a nomogram to minimize inter-group physiological and anthropometric variability (e.g., chest diameter) and to reduce the potential effect of thoracic geometry on the surface ECG signals.
HRECG acquisition and processing
HRECG was acquired shortly after application of the questionnaire and physical examination. Before a 15 min continuous signal acquisition, the subjects remained in the supine position for 5 min for the stabilization of autonomic modulation after changing from the orthostatic position, thereby preventing an "autonomic memory" in the acquired signals [25, 26] .
The ECG signals were acquired using modified bipolar Frank XYZ orthogonal leads. Self-adhesive electrodes (Ag/AgCl) were attached to the skin that were carefully prepared with a mildly abrasive pad and washed with alcohol. The paired electrode-toelectrode impedance was less than 7 kΩ for all electrode pairs. An electrocardiograph amplifier model AEG03 (Lynx Tecnologia Eletrônica, São Paulo, SP, Brazil), with 10-GΩ input impedance, 120-dB/channel common mode rejection, and a 12-V DC power supply, was used to measure ECGs. Each ECG lead was amplified (gain ¼1000), analogically filtered from 0.05 to 300 Hz by a thirdorder Butterworth filter, and converted into digital format by a data acquisition system with a 14-bit AD converter at a 710 V dynamic range, and a 1000 Hz/channel sampling frequency (Lynx Tecnologia). The ECG was digitized and immediately stored in a PC for off-line processing.
Digital data were processed with pattern recognition software to reject ectopic or excessively noisy beats. The coherent weighted averaging was carried out independently on each lead using a previously described and validated technique for R-wave alignment and was stopped at a residual noise level below 0.35 μV [27, 28] . The HRECG was analyzed in the time domain on the vector
, where X, Y and Z are the averaged orthogonal leads after a 4-pole bi-directional Butterworth filtering, with a band-pass ranging from 40 to 250 Hz [29, 30] . Table 1 Anthropometric and demographic characteristics (mean 7 SD) of the subjects who participated in the study.
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HRECG conventional analysis
In this exam, for diagnostic determination, four parameters can be calculated from the vector magnitude ( Fig. 1 ): (i) the duration of the signal-averaged filtered QRS complex (DUR, ms); (ii) the duration in the terminal region of ventricular activation with a magnitude o 40 μV (LAS40, ms); (iii) the root mean square (RMS) value of the potentials in the 40 ms terminal of the filtered QRS (RMS40, μV); and (iv) the RMS value of the total filtered QRS (RMST, μV) [29, 30] .
These parameters have also been tested as markers of cardiac fitness in athletes in general, although the terminal portion analysis has been used to identify the risk of ventricular arrhythmias: a diagnostic result is considered abnormal if two of the three parameters were outside the normal range (DUR4114 ms, LAS404 38 ms and RMS40o20 mV) [31] .
Principal component analysis in HRECG
Unfiltered signal-averaged uX, uY and uZ leads ( Fig. 2(a) ) and a three-dimensional combination (uVm) of the three leads
were employed for PC analysis ( Fig. 2  (c) ). For each analyzed lead, the absolute values were calculated ( Fig. 2(b) ) and an arbitrarily defined segment with 120 samples (with corresponding window widths of 120 ms), which included the QRS complex and/or the ST segment. The first point of the segment (reference point) was the QRS onset in the uVm lead ( Fig. 2(c) ). The onset point was independently visually identified by two specialists. The criterion employed to detect the onset was the point that resembled the highest quadratic curve immediately prior to QRS deflection. Each specialist carried out more than 10 independent measurements and defined the onset as the modal point. The final point was determined by consensus.
After extracting the analyzing segment from each lead, the data were organized in a matrix E (28 Â 120), where rows correspond to the subjects' signals (14 Control and 14 Athletes) and columns (120) to the number of samples. To calculate the corresponding covariance matrix S (120 Â 120), s jk elements were given by Jolliffe (2002) [21] 
where N¼28 corresponds to subjects number and x j and x k to the QRS and ST segment values of corresponding samples j (Control) and k (Athletes), respectively. The PCs were obtained by solving the linear system given by
where λ corresponds to 120 eigenvalues, x to the corresponding normalized eigenvectors for p ¼1, 2, 3,…, 120. The first eigenvector with the highest eigenvalue corresponds to the first PC and so on. The approach employed to choose the relevant number of PC retained for analysis was based on the Broken Stick distribution test [21] . If the total variance of a data set is divided randomly among various components, the expected eigenvalues distribution will follow the Broken Stick distribution, as given by
where L is the number of eigenvalues. All PC retained in the analysis contained values of λ k that were greater than b k . The configuration that considered the entire QRS complex waveform (120 ms) and combined all leads was employed to determine the retained number of significant PC. In addition to the use of a distribution test to assess the number of PC retained in the analysis, an empirical exploration of the number of relevant PC was pursued for up to eight PC. The PC scores constituted a matrix Z (N Â P), where each column Z p was obtained by
where E′ is the matrix E after the removal of the average values of each subject, N is the number of participants, and P is the number of scores. Thus, the Z matrix is composed of scores that measure the PC contribution for each signal (subject).
Group separation method
Group separation was carried out by analyzing the PC scores distribution in PC space. To do so, the Mahalanobis square root distance, which represents the difference between each observation, was first calculated. The ellipse centers in the PC space were normalized by their respective variances, [21] . Then, the threshold that allowed for optimal group separation was defined by a logistic regression, which allowed for total predictive (TP) values determination.
Statistical analysis
Continuous variables are reported as the mean7SD. The assessed HRECG data (Table 2) showed asymmetric probability distributions and were normalized by a natural logarithm transformation (Lnt) before comparison [31, 32] . The means were compared by the unpaired Student's t-test.
The comparison of the three methods (i.e., HRECG parameters, PC analyses in HRECG signals and VO 2MAX values), was carried out by a bootstrap approach, with a receiver operating characteristic curves (ROC) comparison (c-statistic).
For the optimum set of variables defining a particular configuration, predictive PC analysis values were re-calculated 10,000 times, using a nonparametric bootstrap method to estimate the overall statistical distribution so that an average ROC could be calculated. Each re-sampling was carried out randomly with replacement and uniform distribution. The bootstrap was executed while controlling the minimum number 'w' of subjects in each group (where, 'w'¼ 8, 10, 12 or 14). Inter-and intra-leads comparisons were carried out using one-way ANOVA. Homoscedasticity hypothesis was assessed by the Cochran test. The alpha error level was set at 0.05. 
Results
The HRECG parameters of each group are presented in Table 2 . RMS40 and RMST average variables demonstrated significant differences between the Control and Athlete groups.
The ROC comparisons for individual parameters demonstrated significant differences between RMS40 and RMST (p¼0.0002 and p¼0.0001, respectively) with both parameters showing the highest c-statistic ([mean7SEM]: 0.7870.07 and 0.7970.06, respectively), but not statistically significant for the LAS40 parameter (0.647 0.08; p¼0.08). The DUR c-statistic was not significantly different (0.4370.09; p¼ 0.38). Pairwise comparisons between the HRECG parameters are presented in Fig. 3 , except for the DUR parameter (c-statistico0.5).
For the analysis of the average of 10,000 bootstraps, the comparison of the TP value of each lead, as a function of the number of PCs, indicated that the uY lead had the highest TP value (98.8%) for the initial six PCs (Fig. 4) . The six PC configuration contained 97.8% of the database variance; in particular, the first and second PCs contained 52.0% and 27.1% of variances, respectively. There were no significant differences in the TP value between all inter-lead comparisons greater than five PCs. In particular, uY showed no significant differences in the TP value among all sets of retained PCs (p40.05). The first six PCs and 120 ms analysis window width configuration was determined to be the optimal configuration in this model. Note that the highest TP was observed in uY using six PC, followed by uVm, uX and uZ in all sets of PC configurations. No significant difference among all sets (intralead) of PC configurations was observed for uY.
The TP value was further investigated to determine whether it was influenced by the number of subjects per group ('w'), defined a priori, in the 10,000 bootstraps for each lead. No inter-or intraleads differences were found (p 40.05; Fig. 5 ).
The pairwise comparisons of the ROC areas of 10,000 bootstraps of each lead are presented in Fig. 6 . The c-statistics were reported as follows: uX¼0.9170.09, uY¼0.9870.06, uZ¼0.9070.10 and uVm ¼0.9370.07. No significant differences were observed for all comparisons (p40.05).
Using the optimal configuration, Fig. 7 shows the intergroup separation threshold, defined by logistic regression using the Mahalanobis distance.
The comparison of the bootstrap ROC curves using the PC method along with the uY lead, the VO 2MAX and the RMST in HRECG are presented in Fig. 8 . The c-statistic of the PC method (0.9870.06) was significantly different from the RMST (0.7870.06; po0.05) but not significantly different from the VO 2MAX (0.9970.01).
Discussion and conclusions
This paper describes a method for detecting intra-QRS pattern changes in the HRECG, based on PC analysis. The advantage over the classical methods is that PC analysis-based classification does not depend on QRS offset identification and does not require processing that distorts signals, such as bi-directional filtering [29] .
A PC analysis based on a QRS complex segmentation for pattern recognition was first proposed by Nasario-Junior et al. (2010) to detect pathological intra-QRS potentials. The authors applied the PC analysis technique on HRECG signals and were able to identify subjects post-myocardial infarction who were at risk of ventricular arrhythmias [20] . In the present study, PC analysis was employed aiming to assess intra-QRS potentials as markers of cardiac electrical remodeling in athletes. PC analysis is a multivariate statistical technique employed to reduce the number of variables without compromising information, and also provides a privileged data set view [21] . To the best of the author's knowledge, this is the first study to use PC analysis of the HRECG to differentiate healthy sedentary subjects from athletes.
Aerobic training induces cardiac remodeling, which is characterized by compensatory left ventricular hypertrophy [2] , increased heart rate variability, and a reduced resting heart rate [11, 16, 33] . Cardiac remodeling is also identifiable in the electrical properties of ventricular activation [5, 11, 15] . Previous studies reported significant direct correlations between the estimated VO 2MAX and either the HRV measurements or the HRECG highfrequency QRS complex squared-amplitude area.
In this study, the pattern of the ventricular activation of HRECG is shown as an independent predictor of the estimated VO 2MAX . The increase in VO 2MAX induced by physical fitness is directly related to both the ventricular mass [17, [34] [35] [36] and the ventricular activation voltage measured in the surface ECG [17, 23, 37 ]. An increase in maximum aerobic power and myocardial mass is expected to induce an increase in the total ventricular activation energy in the HRECG [11] .
The athlete's heart is a reversible structural and functional adaptation of the myocardial tissue, developed through regular physical training. Despite a physiological reduction in heart rate, aerobic physical conditioning has shown negligible effects on the duration of ventricular activation [14] . Jordaens et al. (1994) did not find significant differences between the QRS durations of four different groups: 13 male athletes with symptomatic ventricular 6 . ROC of each lead after 10,000 bootstraps, using optimum configuration. Table inset depicts p value in pairwise comparisons of c-statistics. No significant differences were observed. Fig. 7 . Intergroup separation threshold was calculated by logistic regression and Mahalanobis square root distance values obtained in uY lead, using optimum configuration. Note the threshold line intercepts only one subject in athlete group, providing 96.4% correct classification. Fig. 8 . ROC curve of each approach (PC, VO 2MAX and RMST in HREGC) after 10,000 bootstraps, using optimum configuration. Table inset depicts p-value in pairwise comparisons of c-statistics. VO 2MAX and PC showed no significant differences. PC¼ principal component method (uY); VO 2MAX ¼ estimated maximum aerobic power; RMST¼ root mean squared value of the total QRS (HRECG parameter). *p o 0.05. tachycardia without evidence of cardiac disease were compared with three matched control groups (15 professional cyclists, 10 professional basketball players and 15 normal control subjects without any sports activity) [14] . In the present study, in agreement with the findings of Jordaens et al. (1994) , no significant differences in the duration of ventricular activation were observed between athletes and controls; however, other HRECG variables (i.e., RMS40 and RMST) were significantly increased in the Athlete group (Table 2 ) [14] . Vacek et al. (1990) applied HRECG energy measurements to estimate the left ventricular mass and found a good correlation between the measurements derived from echocardiography and the standard ECG criteria defining left ventricular hypertrophy [19] . However, in the present study, no differences between the Athlete and Control groups were found for the QRS voltageduration measured from the ECG during conventional resting (Table 1 ). These findings indicate that cardiac remodeling in athletes may be undetectable in conventional resting ECG indices. However, Marocolo et al. (2007) found a significant positive correlation between the filtered RMST (high frequency ventricular activation energy) and the VO 2MAX that was dependent on the athlete conditioning level. The decision algorithm developed by the authors, based on a multivariate model, indicated 83.3% total predictive accuracy, providing a reference for predicting conditioning in trained athletes [11] .
In the mechanical and electrophysiological remodeling of the athlete's heart, cardiomyocyte reorientation, cellular hypertrophy, increased gap junction density and potassium and calcium channel concentrations on the fiber surface, and extracellular matrix accumulation are consequences of aerobic training at the cellular level [17, 38, 39] . Thus, cardiac remodeling is expected to change the velocity of the propagation of the electrical wavefront during normal ventricular activation, ultimately increasing the frequency content [11, 13, 17] . However, the increased high frequency content of the QRS complex in athletes without structural heart disease has not been consistently associated with prolonged abnormal ventricular activation, which is characteristic of electrical remodeling of the heart [11, 13] .
In the present study, a PC-based morphological analysis of the QRS complex in the HRECG was able to appropriately differentiate healthy controls from athletes. An analyzing window of 120 ms starting at the QRS onset and advancing into the QRS complex, allowed for the assessment of the ventricular activation in all groups without any QRS complex data loss (overall QRS complex duration [mean 7SD]; 99.77 19.5 ms). Employing Broken Stick tests to determine the number of retained PCs for analysis, both leads uY and uVm reached the greatest diagnostic accuracy (Fig. 4) . In particular, for a specific reference configuration (120 ms segment width duration), in the uY lead, the PCs retained for analysis comprised 97.8% of the total ECG signal variance.
The QRS complex onset in the uVm lead was identified by visual inspection (Fig. 2(c) ). The advantage of using visual over automated detection was demonstrated by the ability of the visual method to precisely and accurately detect the reference point in all cases. An automatic approach would be desirable in this step, especially when a large data set is to be analyzed. Thus, a classical automated QRS onset detection method [29, 30] was carried out and compared to the visual inspection of the uVm lead. Average bootstrap procedures showed that the diagnostic values for the visual and automatic approaches to QRS onset identification were very similar. The average difference between both methods was 5.6776.53 ms; both methods yielded 0.9370.08 AUC and 9478% TP values.
In the ROC curve area analysis, c-statistics showed no significant differences among the HRECGs leads, as was confirmed by the bootstrap procedure, indicating that the present results were consistent regardless of the lead (Fig. 6) . It is also noteworthy that the electrical axis of the heart in the frontal plane showed no significant differences between the groups (Table 1) . Similar results were verified for anthropometric (e.g., thoracic diameters) and demographic characteristics, indicating that the present findings were less likely to be related to a geometric bias of the torso.
A further bootstrap analysis checked how consistent the method was with respect to an arbitrary predefined number of either control subjects or athletes in the sampling population (Fig. 5) . No differences were found in the total predictive value indicating a lack of selection bias in the current findings. Additionally, compared to the classically estimated VO 2MAX method, the PC method correctly classified groups, superior to the RMSTbased classification (Fig. 8) .
This study has its limitations, including a small sample size and the application of the method using two physiologically welldefined groups. The VO 2MAX was estimated indirectly according to the 12 min Cooper test. Although it has been demonstrated to provide a high correlation with spirometrically assessed VO 2MAX , a direct oxygen consumption measurement may be necessary to validate these results [24] . Finally, the current PC analysis resulted in a distinct separation of the sample groups. Such an outstanding discriminatory capability, however, may have been derived from the physiological characteristics of the groups. Further studies are needed to confirm the present findings.
It has already been demonstrated that a significant correlation exists between the VO 2MAX and left ventricular mass. Although the present study did not assess the effects of aerobic physical conditioning, it should be emphasized that the present method has potential clinical applications. The advantages of this approach in assessing physical fitness are its non-invasive nature, lower cost, and an intrinsic lower risk for unexpected arrhythmic events, especially compared with conventional exercise stress tests.
The principal component analysis applied to the unfiltered signal-averaged high-resolution ECG appropriately discriminates between athletes and healthy sedentary subjects.
Summary
The athlete's heart has intrigued clinicians and scientists for more than a century. Early investigations documented cardiac enlargement and bradyarrhythmias in individuals with abovenormal exercise tolerance and no signs of cardiovascular disease. It has been well-established that repetitive participation in vigorous physical exercise results in significant changes in myocardial structure and function. Some examination tools, such as chest radiography, electrocardiogram and echocardiography, led to important advances in our understanding of cardiac remodeling related to physical fitness. Most recently, advanced echocardiographic and magnetic resonance imaging techniques have clarified important functional adaptations that accompany previously reported structural characteristics of the athlete's heart.
There is a direct relationship between exercise intensity (external work) and the body's demand for oxygen. This oxygen demand is met by increasing pulmonary oxygen uptake (VO 2 ), which may significantly increase during prolonged exercise training. In addition, structural cardiac remodeling and the accompanying ability to generate a large stroke volume are direct results of regular endurance training. However, the complexity and the high costs of several tests mentioned above and in some cases, less quantitative diagnostic evaluations, hinder the use and monitoring of athletes in the field. Both electrocardiogram and signal processing techniques for pattern recognition can be used to detect intra-QRS changes that enable discrimination between physically conditioned and non-conditioned subjects. Thus, a procedure that is non-invasive, simple and relatively inexpensive is welcome.
A method based on the principal components analysis of unfiltered high-resolution ECG signals aims at detecting intra-QRS characteristic changes is expected to bridge this gap. The morphological classification of cardiac waveform transients can be employed to identify higher potentials alongside the ventricular activation, as proposed in this paper, and has demonstrated to be quite promising for detecting incipient left ventricular hypertrophy, a germane characteristic of the athlete's heart.
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